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We propose a new approach to simulate neutrino scattering events as an alternative to the standard
Monte Carlo generator approach. Generative adversarial neural network (GAN) models are developed to
simulate charged current neutrino-carbon collisions in the few-GeVenergy range. We consider a simplified
framework to generate muon kinematic variables, specifically its energy and scattering angle. GAN models
are trained on simulation data from NuWro Monte Carlo event generator. Two GAN models have been
obtained: one simulating quasielastic neutrino-nucleus scatterings and another simulating all interactions at
given neutrino energy. The models work for neutrino energy ranging from 300 MeV to 10 GeV. The
performance of both models has been assessed using two statistical metrics. It is shown that both GAN
models successfully reproduce the distribution of muon kinematics.
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I. INTRODUCTION

Monte Carlo (MC) event generators are indispensable
tools in neutrino oscillation experimental analysis. Ongoing
and future experimental collaborations, such as T2K [1],
MicroBooNE [2], DUNE [3], and Hyper-Kamiokande [4],
use accelerator-based neutrino sources with broad neutrino
energy spectra. Their goal is to perform precise measure-
ments of the Standard Model (SM) oscillation parameters in
the hope of gaining sensitivity to effects beyond the SM.
However, the probability of neutrino oscillations is a rapidly
changing function of neutrino energy, and its value cannot be
directly accessed.
Thus, oscillation analyses require procedures to recon-

struct neutrino energy from the detected final-state particles.
These procedures rely heavily onMC simulations [5], which
must incorporate models for all relevant physical processes,
including various types of interactions on bound nucleons
(or, at higher energies, on quarks), contributions from
two-body currents, and coherent neutrino-nucleus reactions.
Additionally, final-state interactions (FSI), i.e., secondary
interactions of hadrons inside nuclei, must be accounted for.
Over the past ∼20 years, significant efforts have been

made to develop neutrino MC generators for modeling
neutrino interactions with matter. Existing MC generators

include those used directly by experimental groups, such as
NEUT [6] and GENIE [7], as well as models developed
by theoretical groups, such as GiBUU [8], NuWro [9], and
Achilles [10].
MC generators of events in particle and nuclear physics

serve as a bridge between theory and experiment [11].
Monte Carlo simulations are employed at every stage of an
experimental study, including the production of the neu-
trino flux, interactions within a detector, and the detector’s
response. In this paper, we focus entirely on neutrino
interactions inside the detector.
The MC generators, equipped with implementations of

theoretical and phenomenological models, are often tuned
to match experimental data. Theoretical models imple-
mented in generators typically rely on uncertain parameters
adjusted using available experimental data. However, these
procedures cannot fully account for limitations stemming
from theoretical models, which involve many approxima-
tions, particularly in the case of nuclear effects. Therefore,
it would be beneficial to develop alternatives to existing
MC event generators that can learn directly from available
experimental cross section data and modify their predic-
tions accordingly. As a result, efforts have been made to
explore new approaches for developing alternatives to
standard MC generators. A novel approach has recently
emerged; leveraging advanced artificial intelligence models
to dynamically adapt to experimental data, enabling highly
effective simulations of physical phenomena. Machine-
learning methods have been applied to study and model
neutrino-nucleus scattering and related electron-nucleus
processes. These applications include extracting informa-
tion about the axial content of the nucleon [12], modeling
electron-nucleus scattering cross sections [13–16], and
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accelerating sampling from given differential cross section
distributions [17,18].
This paper explores, adapts, and advances modern

machine-learning techniques for simulating neutrino-
nucleus scattering events. We focus on generative adver-
sarial networks (GANs) [19]. The GAN technique enables
training a neural network that learns to generate data
produced by an unknown or poorly understood mechanism.
A successful generative model takes as input a latent vector
drawn from a given distribution in the latent space
(typically a Gaussian distribution) and generates samples
that match the characteristics of the training data.
Generative deep learning models have demonstrated

their effectiveness across various domains, including image
generation [20], image superresolution, and semisuper-
vised learning [21,22]. A comprehensive review of GANs
can be found in Ref. [23]. The GAN technique is also
promising for MC generators of particle interactions [24].
Indeed, the GANs have been adapted to simulate parton
showers [25,26] in high energy collisions, as well as to
model hadronization [27–29]. An effort has also been made
to adapt GANs to simulate collisions of highly energetic
electrons with protons [30].
This paper applies the GAN technique to simulate

charged current (CC) neutrino-carbon scattering. We adopt
a simplified framework wherein the models are tasked with
generating muon kinematic variables. We consider two
cases. First, we test the applicability of our approach to
quasielastic (QE) scattering. Then, we extend our study to
include all interaction modes at a given neutrino energy. In
both cases, the GAN takes neutrino energy as input and
generates the charged lepton kinematics. The model is
applicable to neutrino energies ranging from a few hundred
MeV to tens of GeV, which are typical for neutrino
oscillation experiments.
For our study, we utilize the NuWro MC generator, which

has been under development since 2004 [31–33]. It is
optimized for the energy range characteristic of neutrino
oscillation experiments using accelerator-based neutrino
sources, spanning from hundreds of MeV to tens of GeV.
The GAN is trained on NuWro-generated data to produce
scattering events. Developing a successful GAN model is
more challenging than standard supervised learning [34].
Therefore, we assess the model’s performance using two
metrics to evaluate its effectiveness: the mean absolute
value of pulls and the Earth Mover’s Distance (EMD) [35].
The paper is organized as follows. Section II introduces

the GAN techniques and describes the technical details of
our approach. Section III presents numerical results and
Sec. IV summarizes the paper.

II. METHOD

We aim to obtain a deep neural network (DNN)
that generates neutrino-nucleus scattering events. As an
illustrative example, we consider muon neutrino charged

current interactions with a carbon target. The DNN model
is trained (optimized) to learn the underlying probability
distribution. As a source of information on neutrino-carbon
scattering, we employ the NuWro MC generator.
In realistic simulations, one provides the input informa-

tion and models the neutrino-nucleus collisions in all
relevant channels. As an output, one obtains a distribution
of events, including complete information about the final
particles. The number of final particles can vary from event
to event. Obtaining a generative network that does the same
work as “classical” MC generators is a difficult task.
Therefore, in this first effort, we consider a GAN that
generates only the final lepton’s kinematics, and the flux
spectrum is uniform.
The procedure for developing the model is the following:
(i) Define the lepton variables generated by the model;
(ii) Obtain the training dataset;
(iii) Construct GANs for analysis;
(iv) Perform optimization;
(v) Test model against data not used in the optimiza-

tion stage.
Each step is described in the following subsections.

A. Data and kinematic settings

We consider CC QE and inclusive (INC) scattering of
muon neutrinos off carbon. The QE and INC data are
obtained from a simulation done with the NuWro MC event
generator, using the spectral function approach to model the
nucleus in the QE channel [36] and the local Fermi gas in
other channels. In the QE case, the generated events contain
muon and nucleons or sometimes pions due to the final
state interaction effects. In the INC case, the final states
contain muons and a variety of mesons and baryons. In
both types of events, this study only considers the muon’s
kinematics.
Let us denote the neutrino energy by Eν. The outgoing

muon is characterized by energy Eμ and momentum pμ.
The angle between the neutrino and muon momenta is
denoted by θ.
The complete description of muon kinematics requires

three independent variables, such as the components of the
muon momentum. However, due to the rotational sym-
metry of the system relative to the axis defined by the
neutrino beam, two independent variables are sufficient to
generate the muon kinematics for unpolarized targets.
These could be chosen; the muon energy Eμ and the
longitudinal momentum pμ;z (along the neutrino momen-
tum) or Eμ and the angle θ.
The variables pμ;z, Eμ, and θ are related as follows:

pμ;z ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
E2
μ −m2

μ

q
cos θ; ð1Þ

where mμ is the muon mass.
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Our goal is to construct a model that, for a given
energy Eν, generates a required distribution of the events.
We consider neutrino energies from Eν;min ¼ 300 MeV
to Eν;max ¼ 10 GeV.
The neural networks work most efficiently when input

variables are in the range ∼ð−1; 1Þ. Hence, we introduce
the rescaled energy variable,

E0
ν ¼ 2

Eν − Eν;min

Eν;max − Eν;min
− 1; ð2Þ

then E0
ν ∈ ½−1; 1�.

We optimize the GAN model on events with uniform
energy distribution to obtain a model that accurately
predicts neutrino events for any energy in the considered
range. We generate a large training set such that ∼40 k
events correspond to any energy interval of 100 MeV, with
a total of 3.88M events comprising each training sample.
The energy distributions of the events used to train both the
QE and INC models are shown in Fig. 1.
As explained above, the network generates two variables

that define the muon kinematics. After considering various
options, we use a pair ðE0

μ; θ0Þ, given by1

E0
μ ¼ 2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1 −

Eμ −mμ

ΔE

r
− 1; ΔE ¼ E−

ν −mμ ð3Þ

θ0 ¼ 2

ffiffiffi
θ

π

r
− 1; ð4Þ

where E−
ν ¼ Eν − 9.8 MeV is used to ensure a tighter

upper bound.2 Both variables take values in the range
approximately from −1 to 1.

B. GAN for event generation

The objective of the GAN approach is to develop a
model (usually DNN) such that, given a random latent
vector, it predicts outputs that belong to the “true”3

distribution of samples. In this context, we are using a
conditional GAN (CGAN) [37], which incorporates neu-
trino energy and the random latent vector.
To obtain a successful generator G, one introduces a

discriminator D, another DNN trained to discriminate
between samples obtained from the generator and the
“true” samples from the training dataset. Both generator
and discriminator models are optimized. The discriminator
learns to distinguish between “true” and GAN events,
while the generator improves in “mimicking true” events
discriminator.
We implement models and perform numerical analysis

using the Keras 2.15 package [38]. Note that the architectures
of both QE and INC models are similar. Let us denote the
discriminator and generative models for QE(INC) data by
D-QE(INC) and G-QE(INC), respectively.
The common elements of the basic building block are

shown in Fig. 2. The basic module, Block 1, of our DNNs
consists of a fully connected (dense) layer, followed by a
normalization [39], an activation layer, and a dropout layer
(with a rate of 10%); see Fig. 2(a). If the input and output of
the Block 1 in the main body of the network have the
same dimension, a skip connection [40] from the input to
the output is added [see Fig. 2(b)] to form Block 2. The
output of this block is rescaled by factors we discuss below.

FIG. 1. Energy distribution of the QE (blue dashed line) and
INC (red dashed-dotted line) training samples from NuWro.

FIG. 2. Building blocks of the generators and discriminators,
Block 1 (a) and Block 2 (b). The second block is obtained
from Block 1 by adding a skip connection and rescaling layer.

1We explored various transformations of the kinematic vari-
ables to optimize the performance of our neural network model.
We aimed to transform the data into a format where the model
operates most efficiently and where optimization yields the best
results. We chose a range of [-1, 1] because in this domain, typical
activation functions perform most effectively. Additionally, we
applied a square root transformation to reduce skewness in the
event distributions, which aids the training process.

2It effectively takes into account the effect of binding energy.
3In the case of present studies “true” denotes NuWro generated

event.
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We also employ a variation of Block 1 (2), called
Block 3 (4), in which the information about the
condition E0

ν is concatenated to its input right before the
dense layer, as shown in Fig. 3. Block 1(2)with extra E0

ν

input will be called Block 3(4), respectively. Note that
these blocks are used only by INC models.4

The input latent vector x is drawn from the standard
normal distribution Nð0; 1Þ. Generators G-QE and G-INC
transform the input latent vector and neutrino energy
similarly. Namely, both x and E0

ν are transformed inde-
pendently by a fully connected dense layer (with a linear
activation function) to ensure that the neutrino energy is as
important as the latent vector; see Fig. 4(a). Then, both
layers are concatenated together, processed by Block 1,
and sent to themain body of the network. The main body of
G-QE(INC) consists of one Block 1(3) followed by one
Block 2(4). Consequently, there are a total of three
blocks chained in G-QE(INC). The last section consists of
the dense layer with a two-dimensional output activated
with tanh function.
The input of D-QE(INC) is either the NuWro sample

vector ðv; E0
νÞ or the output of the generator ðGðx; E0

νÞ; E0
νÞ.

The input is transformed in parallel by two branches of the
same architecture [see Fig. 4(b)]. Each branch consists of a
sequence of two Blocks 1. Then, the outputs of both
branches are concatenated and transformed by the main
body, which is made by one Block 1(3) and a sequence
of three Blocks 2(4). The neural network has a total
depth of six Blocks. The last section of the discriminator
is a fully connected layer with a single neuron and linear
activation function (a sigmoid is applied on the output
when it contributes to the loss).
We apply leaky ReLU [41] activation functions for the

D-QE and G-QE models. Since the INC samples are more
complex than the QE ones, we improved the network
architectures to converge with the optimization process.
We observed that the discriminator has to be more robust

than the generator to feed relevant information to the
generator. With this in mind, the activation functions in
the blocks were changed to ReLU [42] for G-INC and
PReLU [43] for D-INC. As remarked, Blocks 1 and 2 of
the central bodies of the INC networks are replaced by
Blocks 3 and 4. The rescaling of Blocks 4 is 1=2 in
the INC model, and there is no rescaling in Blocks 2 for
the QE model.
Additionally, to improve the training convergence, we

supplement the structure of the network architectures by
including Gaussian noise layers [44], defined by standard
deviation 10−4 for G-QE and 10−3 for D-QE and D-INC.
The G-INC is not affected by Gaussian noise. The inputs of
G-QE, D-QE, and D-INC are injected with noise, as well
as each block of G-QE and D-QE after each normaliza-
tion layer, while the D-INC includes it after each layer
with learnable parameters (dense, normalization layer, and
PReLU). The last dense layer of G-QE is not affected, but
the output of the last dense layer of both D-QE and D-INC
are also altered by noise. It is worth noting that Blocks 3
and 4 of D-INC are fed with the noisy E0

ν.
The blocks of the G-QE and the D-QE have 100 neurons,

except for the first Block 1 of G-QE, which has 200
neurons, and two dense layers of each initial pair of
branches of the D-QE, which consists of 50 neurons.
Similarly, the G-INC comprises blocks and dense layers
of 100 neurons, but the first block has 200 neurons (as the
G-QE). The D-INC model has more neurons in the blocks
than its QE counterpart. In D-INC, most blocks consist of

FIG. 3. The condition E0
ν is concatenated to the inputs of a

block of the INC network. Block 1 (see Fig. 2) with above
modification is called Block 3. If we add a skip connection and
rescale layer to a Block 3, one obtains Block 4.

FIG. 4. The input block of the generators (a) and discriminators
(b). The generator independently transforms the latent vector and
E0
ν by a linear dense layer. Then, both outputs are concatenated

and sent to a Block 1. The discriminator directly concatenates v
and E0

ν, then processes them in two parallel branches with two
consecutive blocks.

4The inclusive data is more complex than the QE data. Initially,
we considered using the same neural network model to generate
both INC and QE events. However, we could not get satisfactory
results for the INC data, and we ultimately decided to implement
some modifications to better capture the more intricate structure
of the data.
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141 neurons, but the first two dense layers in the initial
branches have 70 neurons each. The full graph structure of
our networks is given in Supplemental Material [45].

C. Optimization scheme

To train the model, we use the cross-entropy loss
function given by three contributions,

LD;1ðvÞ ¼ −
1

B

XB
j¼1

log½1 −Dðvj; Eν;jÞ�; ð5Þ

LD;2ðGÞ ¼ −
1

B

XB
i¼1

log½DðGðxi; Eν;iÞ; Eν;iÞ�; ð6Þ

LGðGÞ ¼ −
1

B

XB
k¼1

log½1 −DðGðxk; Eν;kÞ; Eν;kÞ�; ð7Þ

where B is the number of samples in the minibatch.
GANs are optimized using the so-called minimax

framework [46]. Hence, a successful model is a result of
a balance between two losses; of the discriminator (5) and
(6) and of the generator (7). LD;1 in Eq. (5) is calculated on
“true” samples obtained from NuWro, whereas the loss (6) is
computed on “fake” data generated by G. The last loss (7)
is evaluated on generated by model “fake” samples.
Both the generator and discriminator are optimized

simultaneously in the minibatch configuration. In the
single iteration step, the discriminator is optimized with
minibatch for the NuWro data consisting of B ¼ 10; 000 and
B ¼ 1; 000 samples for the QE and INC analyses, respec-
tively. In the same iteration step, the generator is optimized
with a minibatch size of 2B. The iterations are repeated
until no data is left in the NuWro training dataset, and a
single epoch is accomplished. The training loop is shown in
Fig. 5. We utilize the AdamW optimization algorithm for
this purpose, a learning rate of 10−4 for D-QE(INC) and
10−5 for G-QE(INC), and β1 ¼ 0.5 and β2 ¼ 0.9.

D. Testing model’s quality

We monitor the optimization of the generator and
discriminator by evaluating their respective loss values.
In Fig. 6, we present the variation of the losses during the
training of the GANs on the QE and INC data. In both
cases, the loss curves converge to the same value, corre-
sponding to the model configuration where a balance is
achieved between the generator’s and the discriminator’s
performance.

FIG. 5. The top graph shows the iteration step in which the
discriminator trained to recognize the NuWro and the network-
generated samples. Discriminator takes for input v ¼ ðE0

μ; θ0Þ,
and the condition E0

ν. The bottom graph shows the iteration step
in which the generator is optimized.

FIG. 6. The losses (6), (5), and (7) evaluated to monitor the training of the QE (left figure) and INC (right figure) GAN models.
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Another way of checking the quality of the model is by
estimating the so-called pull [30,47]. This technique
compares the histograms of events generated by the
NuWro and the GAN.
The ith component of the pull is given by

pulli ¼
nNuWro;i − ngan;iffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2NuWro;i þ σ2gan;i

q ; ð8Þ

where nNuWro;i and ngan;i are the bin contents at the ith bin,
and σ2NuWro;i ¼ nNuWro;i and σ2gan;i ¼ ngan;i are statistical
uncertainties. The bin contents of a histogram are expected
to follow the Poisson distribution. As the G event distri-
bution gets closer to NuWro’s, then Eq. (8) defines a random
variable that follows a standard normal distribution Nð0; 1Þ
for large nNuWro;i and ngan;i. For a random variable
x ∼ Nð0; 1Þ, the expected value of jxj is

Ex∼Nð0;1Þ½jxj� ¼
ffiffiffiffiffiffiffiffi
2=π

p
≈ 0.80: ð9Þ

To check the goodness of the model, we evaluate the mean
of the absolute value of pulls

MAP ¼ 1

K

XK
i¼1

jpullij; ð10Þ

where K is the number of bins that satisfy nNuWro;i ≠ 0

and ngan;i ≠ 0. We checked that the MAP between two
(normalized) NuWro samples is ∼0.8.

The MAP metric is computed using histograms of the
joint E0

μ and θ0 distribution, as shown in Figs. 7 and 8. To
reduce the bias coming from low statistics bins at distri-
bution “tails”, we compute the MAP for bins for which
nNuWro;i > 5 and ngan;i > 5.
The Wasserstein distance, or EMD [35], is another

metric to monitor the quality of the models. It measures
how different two given histograms are and how much
“work” one must do to redistribute one histogram into
another. We evaluate this metric to monitor the quality of
the training and final models. The EMD computed for two
NuWro samples is ∼0.03–0.04.
A priori, the MAP (10) and the EMD depend on the

histogram binning. To minimize its impact, ∼one million
events are generated with both NuWro and the GAN, with a
binning of 50 × 50 in E0

μ and θ0.
In Fig. 9, we show how the EMD and MAP metrics

change during the training of the QE and INC models. As
can be noticed, after 100 epochs, the optimization leads to a
model for which the metrics begin to saturate. We stop the
optimization using the MAP and EMD metrics. The best
model minimizes both.

III. RESULTS

In this section, we compare the predictions made by the
GAN model with the test data. To assess the quality of
our models, we generated several datasets using NuWro.
Each dataset was created for a specific value of neutrino

FIG. 7. Top row: NuWro test sample (left) and GAN (right) generated samples for the QE scattering. Bottom row: Pull w/o tails per bin
from NuWro and G-QE samples (left) and pull distribution (right).
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energy, and we produced 1 million events for each case.
Additionally, we obtained test datasets (for QE and INC)
similar to training, namely, one million events distributed
uniformly in the energy range (300 MeV, 10 GeV).
In this section, we mainly discuss and compare GAN

predictions with test datasets. In the Appendix, we present
the comparison between predictions of GAN and training
datasets.

We first present the numerical results for charged-current
quasielastic scattering of muon neutrinos.
The quality of the QE-GAN model and its dependence

on neutrino energy is summarized in Table I. We provide
the values of the EMD and MAP metrics computed for
several values of neutrino energies, between 0.5 GeV and
9 GeV, as well as for a dataset with energies distributed
uniformly in the energy region that covers the same energy

FIG. 8. Caption the same as in Fig. 7 but for inclusive scattering.

FIG. 9. The EMD and MAP metrics evaluated during training of QE (left figure) and INC (right figure) models. We plot
MAP −

ffiffiffiffiffiffiffiffi
2=π

p
. Metrics are computed every 5 epochs.
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domain as the training dataset. The performance of the
G-QE model is excellent in all the considered cases.
In Fig. 7, we show the two-dimensional histograms and

pull distribution of events generated by the NuWro and
G-QE that are uniformly distributed in energies from
300 MeV to 10 GeV. In both GAN- and NuWro-generated
samples, we clearly see the region where the events are
concentrated. It corresponds to QE peak. The pulls per bin
resemble statistical fluctuations, and their distribution
approaches the Gaussian shape.
The G-QE model generates event histograms that closely

match those produced by the NuWro. This is demonstrated in
Fig. 10, where we present event histograms for neutrino
energies of 0.5 GeV, 1 GeV, and 3 GeV. The histograms are
shown in terms of E0

μ and muon energy, along with an
estimate of the pulls. Notably, the distribution of the QE
events in muon energy exhibits a single peak.
Figure 11 presents the dependence on θ0 and θ for

neutrino energies of 0.5 GeV, 1 GeV, and 5 GeV.
Furthermore, we derive the longitudinal momentum as a
composite variable (1) and show its event distribution in
Fig. 12. The agreement between the GAN and the NuWro

generated results is excellent. Note that for the comparison,
we generated a new set of the NuWro events that were not
used during training for all these tests.
Let us now discuss the INC model. In Fig. 8, we show

the two-dimensional histograms and pull distribution of
INC events generated by the NuWro and G-INC that are
uniformly distributed in energies from 300MeV to 10 GeV.
Again, a good agreement is achieved between the NuWro

and G-INC generator. Both GAN and NuWro reproduce the
QE and Δ resonance peaks, see two accumulations of
events in Fig. 8 (top panels). In Fig. 13, we plot the
histograms of events generated by the G-INC and the NuWro

MC generator for neutrino energies 1 GeV, 3 GeV, and
5 GeV for both E0

μ and Eμ.
To test if our GAN model can reproduce the QE and

Δð1232Þ resonance peaks equally well, let us now consider
event distributions in hadronic invariant massW defined as

W ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
M2

N þ 2ωMN −Q2

q
; ð11Þ

where ω ¼ Eν − Eμ is the energy transferred to the nucleus,
MN the average mass of the nucleon, and Q2 is the four-
momentum transfer,

Q2 ¼ 2EνðEμ − pμ;zÞ −m2
μ: ð12Þ

In Fig. 14, we present the distributions of events as a
function of longitudinal muon momentum pμ;z and hadronic
invariant mass W. We observe good agreement between the
results from NuWro and G-INC for these variables, both in the
QE region and at the peak of the Δð1232Þ resonance. This
consistency extends to the onset of deep inelastic region in
the histograms for ðEν ¼ 5Þ GeV.
The numerical results for the INC model are summarized

in Table II, where we present metrics EMD and MAP
computed for test data sets generated for several values of
the neutrino energies. The quality of performance of the
G-INC model is as good as for the G-QE.
It is important to note that the test dataset covers a wider

range of lepton kinematics than the training data. In Fig. 15,
we display a histogram of the test data (INC) for neutrino
energy at 1 GeV, alongside the training data for neutrino
energies between 950 MeV and 1050 MeV. This compari-
son reveals that there are areas of lepton kinematics that
are not represented in the training dataset but still are
effectively reproduced by the GAN.

IV. SUMMARY

This article discusses the development of generative
adversarial network models for simulating quasielastic
and inclusive neutrino-nucleus scattering. The first type of
interaction plays a pivotal role in the oscillation analyses
carried out by the T2K and Hyper-Kamiokande experiments,
and the other is important for the DUNE experiment.
Our model approach focuses on a simplified scenario in

which the models, for neutrino energies ranging from
300 MeV to 10 GeV, predict muon kinematic variables;
namely, its energy and scattering angle. We consider
various kinematic distributions of the charged lepton (for
neutrino energy from 300 MeV to 10 GeV). The models we
present successfully reproduce the peak structure of the
data distributions.
Once these models are developed, they generate events

faster than “standard” generators.5 We also anticipate that
these models can be adapted to more realistic scenarios
after retraining them on experimental data. Essentially, they

TABLE I. EMD and MAP (with and without tails) computed
for the samples generated by the NuWro test sample and the
G-QE for fixed neutrino energy Eν and randomly sampled from a
uniform Eν distribution (“All” tag).

Eν EMD MAP MAP w/o tails

500 MeV 0.15 1.16 1.17
800 MeV 0.14 1.06 1.06
1 GeV 0.14 1.02 1.00
2 GeV 0.14 1.01 0.98
3 GeV 0.13 0.98 0.97
5 GeV 0.13 0.92 0.90
7 GeV 0.15 1.05 1.02
9 GeV 0.11 1.03 0.99
All 0.11 0.90 0.84

5Generating 1 million events on a single-core CPU takes
approximately 12 minutes with NuWro (full simulation), and
around 28 seconds with GAN. When GAN predictions are made
on a typical gaming GPU (RTX 4080), the time is reduced to
approximately 3 seconds.
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FIG. 10. Event histograms, depending on E0
μ (left column) and Eμ (right column) generated by the G-QE and NuWro test samples for

neutrino energies Eν ¼ 0.5, 1, and 3 GeV, from top to bottom rows, respectively.
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FIG. 11. Event histograms, depending on θ0 (left column) and θ (right column) generated by the G-QE and NuWro test samples for
neutrino energies ¼ 0.5, 1, and 5 GeV, shown in top, middle, and bottom rows, respectively.
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FIG. 12. Event histograms, depending on pμ;z generated by the G-QE and NuWro test samples for neutrino energies 0.5 GeV, 1 GeV,
and 3 GeV, shown in top-left, top-right, and bottom figures, respectively.

TABLE II. Caption the same as in Table I but for INC model.

Eν EMD MAP MAP w/o tails

500 MeV 0.16 1.08 1.07
800 MeV 0.16 1.09 1.09
1 GeV 0.15 1.07 1.07
2 GeV 0.15 1.02 1.00
3 GeV 0.14 0.94 0.92
5 GeV 0.14 0.96 0.93
7 GeV 0.16 1.01 0.99
9 GeV 0.15 1.03 1.02
All 0.13 0.89 0.86
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FIG. 13. Event histograms, depending on E0
μ (left column) and Eμ (right column) generated by the G-INC and the NuWro test samples

for neutrino energies ¼ 1, 3, and 5 GeV, shown in top, middle, and bottom rows, respectively.
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FIG. 14. Event histograms, depending on pμ;z (left column) and hadronic invariant massW (right column) generated by the G-INC and
the NuWro test samples for neutrino energies Eν ¼ 0.5, 1, and 5 GeV, shown in top, middle, and bottom rows, respectively.
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can serve as pretrained models that can be fine-tuned for
specific applications.
Our study opens the door for future developments,

including considering complete event topologies and
realistic neutrino fluxes. Furthermore, these deep neural
network models can be repurposed to simulate related
processes by utilizing advanced deep learning techniques
such as transfer learning [15]. These studies are underway.
Combining these ideas will hopefully lead to MC simu-
lation tools that can improve their predictive precision by
learning from new experimental measurements and theo-
retical considerations.
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APPENDIX: GAN VERSUS TRAINING DATA

In Fig. 16 we present comparison of the GAN predic-
tions against training dataset. The training and GAN
generated data are for neutrino energies larger than
950 MeV and lower than 1050 MeV.

FIG. 15. Two-dimensional inclusive distributions of NuWro events in E0
μ and θ0 variables. Top: the training dataset for Eν ranging from

950 MeV to 1050 MeV (∼40 k events). Bottom: Testing dataset of one million events for 1 GeV neutrino energy. Both figures show the
approximate outline (based on histogram binning) of the 1 GeV dataset distribution. The training dataset does not cover the whole
kinematic range of the NuWro generator for neutrino energy around 1 GeV.
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